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introduction
The concept of fundamentals has played an important role in economic theories of nominal exchange rate determination. Monetary models of the exchange rate, for example, explicitly define which macroeconomic variables constitute fundamentals, and furthermore, they determine the functional form which relates them to the exchange rate (which is typically log-linear). Unfortunately, the empirical performance of monetary models has not, in general, been good, despite their common adoption in theoretical work. The widely cited results of Meese and Rogoff (1983) , which demonstrate that the predictive ability of monetary models with certain chosen fundamentals is inferior to a simple random walk model, largely remain valid today; for a critical survey of empirical results in this area, see Frankel and Rose (1995) .
The asset market view of exchange rates, which relates the nominal exchange rate to a measure of economic fundamentals and to a term that reflects the expected rate of change in the exchange rate, has also found widespread use in theoretical work, being adopted, in particular, by the target zones literature; see, for example, Froot and Obstfeld (1991) .
One of the problems encountered by empirical researchers in attempting to test the asset market model, however, concerns the specification of the fundamentals process in terms of observable economic variables. The theoretical model provides little guidance as to precisely which variables to include or the appropriate functional form to use, with the result that empirical testing tends to be ad hoc and is likely to suffer from misspecification biases.
One noteworthy attempt at making the asset market model operational was proposed by Gardeazabal, Regúlez and Vázquez (1997) (hereafter denoted GRV) . 1 Their version of the model treats the fundamentals as an unobservable, or latent, process, with the intention of retaining the principle of the asset market view while avoiding the potential misspecification biases associated with a particular choice of macroeconomic variables as fundamentals together with particular functional forms. GRV use simulation techniques as a means of accounting for the unobservable process in estimating and testing their model, and claim empirical support for this approach based on monthly data for five currencies (relative to the U.S. dollar) over the period 1974 to 1992.
Allowing the fundamentals to be unobservable is not without precedent. For example, Diebold and Nerlove (1989) find that unobservable (latent) factors are able to capture common movements in volatility across exchange rates, while King, Sentana and Wadhwani (1994) find that changes in correlations between national stock markets are driven primarily by movements in unobservable variables. The results of GRV would further seem to suggest 1 GRV refer to the asset market model as the canonical model following Krugman (1992) .
that treating fundamentals as an unobservable process is a promising approach to nominal exchange rate modelling. Unfortunately, as we demonstrate in this paper, the model estimated by GRV is not identified, which not only casts extreme doubt upon their results, but also serves as a warning to researchers who use simulation techniques without first checking the identifiability of their model. This lack of identifiability in GRV's model raises two immediate questions. The first is whether it is possible, in the spirit of GRV, to specify an identified model of exchange rates with unobservable fundamentals, and one that can embody the principle of the asset market view. Answering in the affirmative, we then examine a second question of how well the model performs empirically, in a way that is not cojoint with either the choice or specification of the fundamentals.
The (identified) model that we specify consists of two equations. The first specifies changes in the exchange rate as a function of a drift term and a feedback term which measures the deviation of the exchange rate from the fundamentals. The second equation models the fundamentals process as a random walk with drift. The lack of identification in the GRV model essentially boils down to two features. First, they incorporated a scaling parameter between the exchange rate and the fundamentals in the feedback term. Because fundamentals are unobservable, any changes in the scale of the fundamentals are absorbed by a change in the scaling parameter -it is not possible to identify both at the same time. Effectively, we are setting the scale parameter to unity, which is consistent with the underlying asset market view. The second feature leading to underidentification in the GRV model is the presence of the feedback term in the equation governing the evolution of the fundamental. Our remedy for this is to allow the unobservable fundamentals process to evolve independently of such feedbacks, our justification being that macroeconomic fundamentals evolve more sluggishly than the exchange rate, this being a model of exchange rate determination rather than one of fundamentals determination. Both of these features, when combined, render the GRV model unidentified. We estimate our model using two datasets on the same five currencies as in GRV, namely those for Britain, Germany, Japan, Italy, and Spain. The first dataset covers the same span as in GRV, the second covers a longer time span by extending it beyond 1992. We employ maximum likelihood estimation methods, having substituted out the unobservable fundamentals process from the model, thereby avoiding the computational costs of simulation. We find that the restriction on the model implied by the asset market model is not rejected for any currency or time span, and that the fit of the model is good. Furthermore, the dynamic forecasts produced by the model are typically close to those obtained from a random walk with drift, though they are notably inferior at longer horizons (24 months) for Italy and Spain.
The paper is organised as follows. Section 2 describes the GRV model and its relationship to the asset market approach to exchange rates, while Section 3 is concerned with issues relating to identification and estimation. Section 4 describes our identified model and contains the empirical results, and section 5 concludes the paper. Proofs of the three propositions contained in Section 3 are contained in the Appendix.
exchange rates and unobservable fundamentals
A common approach to exchange rate determination has its roots in the finance literature in which an asset price can be regarded as consisting of a fundamental value plus a term that reflects expectations of future changes in the asset price. In the case of exchange rates the asset is foreign currency and the price of the asset is the exchange rate itself. The essence of this approach is captured by a linear relationship between the logarithm of the exchange rate, 2 s(t), and a scalar measure of macroeconomic fundamentals, f (t), of the form
where α is a scalar parameter and Ω(t) denotes the agents' information set at time t, which includes current and past values of s and f . This equation states that the exchange rate is equal to a fundamental determinant plus a speculative term that is proportional to the expected percentage change in the exchange rate. Froot and Obstfeld (1991) observe that α can be interpreted as the (negative of the) semi-elasticity of money demand with respect to the nominal interest rate, and hence there are good a priori grounds for expecting α to be positive, at least from the perspective of the monetary model. If α > 0, and if speculative bubbles are excluded, the equation may be solved forwards to express the equilibrium exchange rate path as the present discounted value of expected future fundamentals,
The exchange rate models below are formulated in continuous time to reflect that trading occurs almost continuously against the fact that our data is obtained at much coarser in- Precisely what determines the fundamental f (t) is open to some debate. Simple monetary models of the exchange rate suggest variables such as income and the money stock, both in logarithmic form, as fundamentals, but the poor empirical performance of such models is indicative of misspecification in the choice of variables or functional form or both. Specifying realistic models of the exchange rate in which fundamentals can be treated as unobservable but which are still consistent with the underlying asset market approach has considerable appeal. The principal contribution in this vein is provided by Gardeazabal, Regúlez and Vázquez (1997) in which fundamentals are treated as a latent, or unobservable, process.
The model proposed by GRV is the bivariate system of stochastic differential equations 3
where µ 1 is a drift parameter, σ 1 and σ 2 are non-negative coefficients, and W 1 and W 2 are independent Wiener processes. This representation is based on considerable (though not universal) evidence that exchange rates behave like integrated processes and embodies a reduced rank assumption that implies cointegration between s and f . 4 The general model represented by (3) and (4) is, therefore, a cointegrated vector autoregression in continuous time, which is most easily seen by writing (3) and (4) as the system
where . The reduced rank (cointegration) property can be seen from the form of the matrix A = γβ , which is a 2 × 2 matrix of rank one. The elements of γ are adjustment parameters while β is the cointegrating vector, so that β x(t) = f (t) − bs(t) is stationary even though s(t) and f (t) might be integrated processes. The non-standard feature in this system is that one of the variables, f (t), is unobservable, even in discrete time.
Proposition 1 of GRV (1997) asserts that (3) and (4) are compatible with (1) provided that µ 1 = 0, b = 1 and γ 1 < 0. This can be demonstrated by taking the conditional expectation of ds(t) in (3) and solving for s(t) to yield
the coefficients of which can be compared directly to those in (1). Clearly, the first restriction, µ 1 = 0, eliminates the intercept, while the restriction b = 1 ensures that the fundamentals 3 We adopt the notation of GRV for the coefficients of the model but note that they use x(t) to denote the exchange rate and k(t) to denote the fundamentals. 4 The importance of the cointegration assumption in empirical work with nominal exchange rates has recently been demonstrated by Rapach and Wohar (2002) .
process remains unscaled. The restriction γ 1 < 0 then yields α > 0. GRV's estimates of the unrestricted model in (3) and (4) for five currencies do, in fact, satisfy the requirement for α > 0, although their estimates of µ 1 tend to be significantly different from zero and their estimates of b range from −12.73 to +6.66 and are significantly different from unity for four of the five currencies. Despite this, GRV claim (p.391) that "the results obtained support the rational expectations hypothesis imposed" by the model i.e. that the restrictions on (3) and (4) that yield (1) are supported by the data. Their claim has to be interpreted with caution, however, because, as we show in the next section, the model that they estimate is not identified.
issues of identification and estimation
The model in Section 2 is formulated in continuous time. Published observations on exchange rates are recorded at discrete intervals of time, for example daily, weekly or monthly, and so our first objective is to relate the parameters of the continuous time model to the discrete time observations. It is convenient to combine the unknown parameters of interest
The exact discrete time analogue of (5) at integer points of t is presented below because it is central to the discussion of both GRV's model as well as our own. 5 Proposition 1. Let x(t) (t > 0) be generated by (5), and let x t = x(t) for integer values of t = 1, . . . , T , where T denotes sample size. Then x t satisfies the first-order difference equation
and u t ∼ N (0, V (θ)) with E(u t u s ) = 0 for all t = s and
where Σ 2 = ΣΣ .
The discrete time representation (6) has the form of a co-integrated VAR(1) system whose coefficient and covariance matrices embody exact restrictions imported from the continuous time model. We stress that it is the model (with probability one) that equispaced data generated by (5) satisfy independently of the frequency with which the data are recorded. 6 It is important to note that (6) is not obtained from (5) simply by replacing dx(t) with ∆x t , x(t) with x t−1 and ΣdW (t) with u t . Although φ and Φ are proportional to µ and A respectively, they also depend on more complicated functions of the underlying parameters, as can be seen from the form of the proportionality factors. The same is true of the covariance matrix, V , of the discrete time disturbance vector u t , which is not simply equal to ΣΣ but also involves nonlinear functions of the elements of γ and β. Note that Φ embodies the reduced rank property of the continuous time coefficient matrix A, and hence the elements of x t (s t and f t ) are cointegrated.
If f t was observed in addition to s t , then the estimation of θ could proceed straightforwardly by maximising the likelihood function corresponding to (6). The difficulty arises because f t is unobservable, and a number of estimation strategies are available. GRV, for example, employed a simulated method of moments estimator, the moments being those of the observed exchange rate series. Alternatively, the Kalman filter could be used to construct the likelihood function, thereby avoiding the computational burdens associated with simulation. Another likelihood-based approach constructs the likelihood function based on the observed exchange rate series once the unobservable variable has been substituted out.
Such an approach was advocated by Bergstrom and Chambers (1990) and is adopted here, based on the following key result. It is convenient to let φ j , Φ jk and V jk denote the j-th element of φ(θ), the (j, k)-th element of Φ(θ), and the (j, k)-th element of V (θ), respectively.
Proposition 2. Let s(t) and f (t) be generated by (3) and (4), as represented in (5), and let s t = s(t) be observed at t = 1, . . . , T . Then s t satisfies the ARMA(2,1) process
where (suppressing the dependence on θ for convenience)
Furthermore, η t (t = 1, . . . , T ) is a zero mean Gaussian MA(1) process with variances and autocovariances given by
The coefficients of the ARMA representation in Proposition 2, including the autocovariances, are nonlinear functions of the parameters of the underlying continuous time model (5) owing to the process of temporal aggregation and our substituting out the unobservable fundamentals process. Note, too, that the representations for s 1 and s 2 both depend on the initial values s 0 = s(0) and f 0 = f (0). The former of these, s 0 , is observable while the second, f 0 , could, in principle, be estimated (but not consistently). Here, instead, we set f 0 = s 0 in accordance with the equilibrium condition in (1).
The likelihood function can be derived straightforwardly from the ARMA representation
its associated T × T covariance matrix, and let s = (s 0 , s 1 , . . . , s T ) denote the (T + 1) × 1 vector of observations. Note that Ω(θ) is a Toeplitz matrix because η t (θ) is an MA (1) process, its typical diagonal element being ω 0 (θ) with ω 1 (θ) in adjacent positions. Then the log-likelihood function is given by
This representation of the likelihood function also aids the investigation of the identification of the parameter vector θ, which is assumed to belong to a parameter space Θ. Following Rothenberg (1971) , we shall say that two parameter points θ 1 and θ 2 are observationally equivalent if L(s, θ 1 ) = L(s, θ 2 ) for all s ∈ R T . A parameter point θ 0 ∈ Θ is then said to be identifiable if there is no other θ ∈ Θ which is observationally equivalent.
, where γ * 1 = γ 1 /λ, b * = λb and σ * 2 = λσ 2 for some constant λ. Then ln L(s, θ) = ln L(s, θ * ) for all s and λ, and hence θ is not identifiable.
The proof of Proposition 3 is based on a demonstration that the autoregressive parameters and autocovariances of the ARMA(2,1) representation of s t are identical when based on θ and θ * and, hence, the values of the likelihood function are identical. Such a phenomenon is not confined to the continuous time model analysed here, but applies more generally to models formulated directly in discrete time. Suppose, for example, that the observed exchange rate, s t , and the unobservable fundamental, f t , satisfy the VAR(1) system
where, for i = 1, 2, it is an IID(0,σ 2 i ) random disturbance and E( 1t 2t ) = σ 12 . If both s t and f t were observed, then the parameters of (11) and (12) could be estimated consistently by ordinary least squares. When f t is unobserved the essence of the identification problem is, perhaps, most easily demonstrated by solving out the unobservable variable f t−1 in (11) using (12). This yields an ARMA(2,1) representation for s t of the form 7
where δ 1 = a 11 + a 22 , δ 2 = a 12 a 21 − a 11 a 22 , and v t = 1t − a 22 1,t−1 + a 12 2,t−1 is an MA(1) disturbance with variance c 0 = (1 − a 2 22 )σ 2 1 + a 2 12 σ 2 2 − 2a 12 a 22 σ 12 and autocovariance c 1 = −a 22 σ 2 1 + a 12 σ 12 . From a sample of observations on s t it is possible to estimate the four unknowns δ 1 , δ 2 , c 0 and c 1 . However, these four quantities are functions of the seven underlying parameters of interest, these being the a ij (i, j = 1, 2), σ 2 1 , σ 2 2 , and σ 12 . Without further a priori identifying information or assumptions, the seven unknown parameters of interest can not be determined from observations on s t alone. Although we have highlighted the problem of identification using a simple VAR(1) with an unobservable variable, the problem of underidentification obviously persists more generally in higher-order discrete time VARs.
The non-identifiability of the parameters of the model estimated by GRV therefore challenges their claims concerning the empirical validity of the model. It also asks the question of whether we can provide an identified exchange rate model with unobservable fundamentals that has economic meaning, in the spirit of GRV. In the next section, we do so by way of a restriction implied by the asset market view of exchange rates and obtain empirical results using exchange rate data for five countries covering two spans of data.
an identified model and its empirical performance
An implication of Proposition 3 is that an infinite number of fundamentals processes are consistent with the GRV model in (3) and (4). Put another way, there is not a unique unobservable fundamentals process associated with an observed exchange rate series in the GRV model. This can be seen by multiplying (4) by the arbitrary constant λ and defining f * (t) = λf (t), b * = λb and σ * 2 = λσ 2 , yielding df
. This equation is empirically indistinguishable from (4), while defining γ * 1 = γ 1 /λ means that (3) can be written in terms of f * (t) as ds(t)
. This is the underlying reason why L(s, θ) = L(s, θ * ), and so we now focus on the issue of whether, and how, it might be possible to formulate a model with unobservable fundamentals, in the spirit of the GRV model, that is identified.
Part of the problem with the GRV model is that, in equilibrium, the unobservable process f (t) is related to s(t) by the unknown parameter b. Writing this relationship as s(t) = f (t)/b it is clear that s(t) = f * (t)/b * also satisfies the requirement. Motivated by (1) it seems reasonable to impose the condition that f (t) = s(t) in equilibrium. It is then natural to base our specification of the model on the triangular representation of cointegrated systems developed by Phillips (1991a) and employed in a continuous time setting in Phillips (1991b) .
This also has the advantage that it automatically brings us into Phillips's optimal inference framework which facilitates hypothesis testing using standard (e.g. chi-square) distributions.
The model is defined by the two stochastic differential equations
where the variables are as defined previously. In this model, fundamentals evolve as a random walk with drift µ 2 dt in continuous time, as depicted in (15), while the exchange rate responds to the disequilibrium f (t) − s(t) in addition to containing its own drift term µ 1 dt.
The model achieves identification by reducing the number of unknown parameters by one, to five, and by requiring f (t) = s(t) in equilibrium. Put another way, it is not possible to replace f (t) by f * (t) and obtain an observationally equivalent model, because the form of the disequilibrium term in (14) precludes such a possibility. Note that the specification (14) remains consistent with the asset market relationship in (1), because
yielding (1) if µ 1 = 0. This restriction can be easily tested empirically. Note, too, that the coefficient α in (1) is equal to −γ −1 1 above, and hence a positive value for α requires γ 1 being negative. However, this latter condition means that the system comprising (14) and (15) is unstable. To see this, write the system as in (5), and note that the matrix A is still given by A = γβ but where now γ = (γ 1 , 0) and β = (−1, 1) . The system is stable if the eigenvalues of A have negative real parts. Here, the eigenvalues are equal to zero and −γ 1 , the zero eigenvalue reflecting the unit root in the system. If γ 1 < 0 the system is clearly unstable and inference based on estimates of the system would be unreliable.
Our empirical results are based upon estimating and testing the identified system comprising (14) and (15) using two data sets. The first corresponds to the data set used by GRV and covers the period January 1974 through September 1992 (225 month-end observations) for five currencies, namely those for Britain, Germany, Japan, Italy, and Spain, all measured relative to the U.S. Dollar. The second data set represents an extension of the first, with the currencies for Britain and Japan taken through to December 2000 (324 observations), while those for Germany, Italy and Spain are extended through to December 1998 (300 observations). 8 Table 1 presents ordinary least squares estimates of the simple random walk with drift model for the logarithms of the exchange rates, given by ∆s t = δ + t , where δ denotes the drift parameter and t is assumed to be a serially uncorrelated innovation process. The estimated drift parameters are simply the average percentage change in the exchange rates over the relative sample, and indicate that the currencies of Britain, Germany and Japan depreciated relative to the dollar in both sample periods, while the currencies of Italy and Spain appreciated relative to the dollar. The Table also reports Lagrange Multiplier (LM) statistics 9 for testing for serial correlation and ARCH effects in the disturbances. For both sample periods and for all five currencies there is no evidence of serial correlation or ARCH effects with the exception of the extended sample period for Germany in which ARCH effects seem to be highly prevalent. With this one exception, the logarithm of exchange rates appears to be well described as a simple random walk with drift. This could help to explain to a large extent the findings of Meese and Rogoff (1983) and others that a simple random walk model dominates fundamentals-based (monetary) models in terms of forecasting performance, despite the apparently good in-sample fit of such models. We shall return to this issue later.
Two versions of the system comprising (14) and (15) are estimated for each currency and for each data set. The first version imposes no restrictions except those that arise from the process of temporal aggregation, and will be referred to as the unrestricted model in what follows. The second imposes the restriction µ 1 = 0 and will be referred to as the restricted model. Maximum likelihood estimates are obtained by maximising the loglikelihood function (10) with respect to the unknown parameters µ 1 , γ 1 , σ 1 , µ 2 and σ 2 . The exchange rate observation for January 1974 was taken to be s 0 and it was assumed that f 0 = s 0 (corresponding to the equilibrium condition); hence the effective sample size (T ) is 224 in the GRV sample and either 323 or 299 in the extended sample.
The estimates of the model obtained using the GRV data set appear in Table 2 while those obtained with the extended data are reported in Table 3 . In addition to the estimated parameter values, the Tables also report two goodness-of-fit measures, namely the usual R 2 statistic computed with respect to s t , and an alternative measure, denoted R 2 D , which is computed with respect to ∆s t . Defining RSS = T t=1 η 2 t to be the sum of squared residuals, then
The statistic R 2 D was suggested by Harvey (1989, p. 268) because it enables the fit of the estimated model to be related directly to that of a random walk with drift, which Table 1 suggests is a good representation of the data.
For 0 < R 2 D ≤ 1 the model is providing a better fit than the random walk with drift; for R 2 D = 0 the fit is the same; while for R 2 D < 0 the fit of the model is worse than the random walk with drift. Note that in this last case R 2 D is not just confined to a unit interval and can, in principle, take on any negative value. Tables 2 and 3 also report a portmanteau-type statistic for assessing model adequacy based on the residuals η t . The test was proposed by Bergstrom (1990, ch . 7) as a test of dynamic specification for continuous time models, and is based on a transformation of η t that, under the null hypothesis that the model is correctly specified, yields a vector of random variables having zero mean and an identity covariance matrix. Taking P to be the lower triangular Cholesky factorisation of the estimated T × T covariance matrix Ω of η such that P P = Ω, the statistic S(p) is based on the elements t of the random vector = P −1 η as follows:
Asymptotically, as p and T − p both tend to infinity, S(p) has a chi-square distribution with p degrees of freedom. The statistic is effectively testing for the absence of serial correlation of up to order p in the vector of residuals, and is reported for a value of p equal to 24. 10 The test is actually quite stringent because the matrix Ω used to construct denotes the theoretical covariance matrix of η assuming the model to be correctly specified. Departures from the assumed model will cause the actual covariance properties of η to diverge from Ω and hence will not be standardised in the correct way, thereby leading to a significant value of the test statistic. The standardised residuals could, of course, be computed using the sample 10 We also calculated the statistic for other values of p but the qualitative results remain the same. covariance matrix of η, but this results in a less stringent test of the model. 11 Note also that, if the model is correctly specified, the residuals η t will be MA(1), and implementing a test for the absence of serial correlation in η t makes no sense in this context. Hence the test is for the absence of serial correlation in the normalised residuals t , which should be serially uncorrelated if the model provides an adequate description of serial correlation in the data.
Turning to the results themselves, Tables 2 and 3 indicate that the model provides an adequate description of the serial correlation properties of the data in both samples, with the possible exception of the Japanese Yen, where the S(24) statistics are significant at the 5% level. Although the model fit is high for all currencies, as measured by the R 2 statistics, in all cases the fit is inferior to that of a simple random walk with drift, as witnessed by the R 2 D statistics being negative, although R 2 D is only marginally negative for Britain under the restricted model in the extended sample. Imposition of the restriction µ 1 = 0 also seems to have little impact on the estimates of the other parameters, and the resulting fall in the log-likelihood is small in all cases, as we would expect if the restrictions were true.
A formal test of the restriction can be carried out using the likelihood ratio test based on the maximised likelihood values in Tables 2 and 3 . The resulting statistics, denoted LR, along with their marginal probability values, are reported in Table 4 . In no case is the null hypothesis (µ 1 = 0) rejected at the 5% significance level, although it is a close call for Germany in the GRV sample. Table 4 also reports the Schwarz Criteria for the restricted and unrestricted models, denoted SC R and SC U respectively. In all cases the Schwarz Criterion is minimised for the restricted model, a further indication that the restriction is valid.
One of the preoccupations in the exchange rate literature since the publication of Meese and Rogoff (1983) has been trying to explain why the forecasting performance of fundamentals-based (monetary) models is so poor relative to simple random walk models. Table 1 suggests a possible explanation, which is simply that the logarithm of exchange rates is very well approximated by a random walk with drift. Another potential explanation is that the specification of the fundamentals process used in applied work has been incorrect, although the poor forecasting performance of the models is perhaps hard to justify in view of the good fit of the models in-sample. In allowing the fundamentals to be a latent or unobservable process we are agnostic about the choice and true functional form of the fundamentals yet at the same time we allow, in principle, for complicated, even non-linear, relationships between macroeconomic variables and the fundamentals, subject to (15) being satisfied. This approach also has the potential for variables not usually considered in monetary models to be a component of the fundamentals term as well. A further, and rather important, test of the model with unobservable fundamentals is therefore to assess its ability to forecast exchange rates beyond the sample period.
We address this issue by computing forecasts from the restricted model, spanning horizons up to 24 months, beginning with the models estimated up to September 1992, the last month of the GRV sample (these estimates are contained in Table 2) . The model is then re-estimated for each currency, using one extra month of data, and forecasts produced up to 24 months ahead. This is repeated a total of 48 times in addition to the initial estimates, so that there are 49 forecasts produced for each horizon. Table 5 reports the root mean square errors (RMSEs) of these forecasts at horizons 1, 3, 6, 12 and 24, as well as the ratios of these RMSEs to those obtained from forecasts based on the random walk with drift, labelled RMSE(RWD). Note that these RMSEs are estimates of the k-period ahead forecast RMSEs, as opposed to the more commonly reported RMSEs that are averages across all horizons up to horizon k. Table 5 reveals that, for most horizons, the forecasts from the model are only slightly inferior to those from the random walk with drift, in many cases the RMSE ratios being only slightly greater than unity. In this respect the model is doing reasonably well, particularly when compared to the implied ratios of the RMSEs of forecasts from monetary models with respect to those from a random walk that are reported in Meese and Rogoff (1983) . But, even so, the model is unable convincingly and consistently to outperform the random walk forecasts. The forecast performance is particularly poor relative to the random walk at horizon 24 for Italy and Spain, the RMSE ratios rising to 1.1435 and 1.2680 respectively.
conclusions
The relationship between the exchange rate and fundamentals has been of interest for many years and, as yet, no clear consensus has emerged. Much of the debate has centred around which variables actually constitute fundamentals even though, from the point of view of econometric testing, any form we take for the fundamentals is likely to be misspecified.
A promising line of research, as exemplified by GRV, is to allow the fundamentals to enter the model in a latent or unobservable manner, but we have demonstrated that the model they proposed is not identifiable. Accordingly, we have proposed a model of exchange rates with unobservable fundamentals whose parameters are identified, and in the spirit intended by GRV. We have estimated the model for five currencies against the dollar using both their original data set and an updated (extended) data set, and for all currencies in both cases have found that a restriction that makes the model compatible with the asset market view of exchange rate determination is not rejected. We also found that the fit of our model and its forecasting performance is broadly in line with, though slightly inferior to, a random walk with drift. Nonetheless, our results compare favourably with extant results from exchange rate models based on explicit, pre-specified fundamentals. Our finding with respect to our restricted model -that the data corroborates the asset market view of exchange ratesis based on a hypothesis test that is not cojoint with the choice or specification of the fundamentals, and the estimates we obtained, derived from the exact discrete analogue of the exchange rate model, are not subject to temporal aggregation bias. These two properties taken together are not, as far as we are aware, shared by any other econometric analysis of exchange rate models other than GRV's.
Advocates of monetary models might argue that they know the variables that constitute fundamentals and so there is little or no need to allow them to be unobservable. While we feel a direct comparison with such models is beyond the scope of this paper, we would argue these models have been widely criticised over the years precisely because they do not provide an adequate description of exchange rates; see Flood and Rose (1995) . The restricted and unrestricted models estimated in this paper do seem to provide an adequate description of the data within-sample and are only narrowly inferior to a random walk with drift postsample. Our results also corroborate the asset market view of exchange rates in what is a genuine test of it.
appendix
Proof of proposition 1. Integrating (5) from 0 to t yields
For any given x(0), (16) has a solution, unique (with probability one) in the class of mean square continuous processes, given by (17) see Bergstrom (1984) . From (17) we obtain 
which yields (6) upon subtracting x(t − 1) from both sides. Noting that u t = 1 0 e rA ΣdW (r) yields the first expression for V . To derive the simplified expressions for Φ, φ and V , note first that, because A = γβ ,
and hence Φ = e A − I = Aψ(1) as required. Next, consider
which yields the expression for φ. Finally, the expression for V follows by noting that
and that
Proof of proposition 2. From the discrete time representation in (6) we obtain
where u t = (u 1t , u 2t ) . Lagging (21) by 1 period and solving for f t−2 yields
while lagging (22) by 1 period and using (23) to substitute for f t−2 yields
which can be rearranged to give
+Φ 12 u 2,t−1 − Φ 22 u 1,t−1 .
Substituting (24) into (21) yields (9) with η t = u 1t − Φ 22 u 1,t−1 + Φ 12 u 2,t−1 , from which the variance and autocovariance expressions for η t follow. The equation relating s 1 to s 0 and f 0 is obtained directly by setting t = 1 in (6), which results in η 1 = u 11 . The equation for s 2 is derived similarly by setting t = 2 in (6) and substituting the expression for f 1 derived in the previous step. The resulting disturbance term is η 2 = u 12 + Φ 12 u 21 which gives rise to the stated variance and autocovariance terms.
2
Proof of proposition 3. We shall first establish the effect of the arbitrary parameter λ on φ(θ * ), Φ(θ * ) and V (θ * ). It is convenient to use a superscript * to denote a quantity based on θ * . First note that (β * ) γ * = (−λb, 1)(γ 1 /λ, γ 2 ) = γ 2 − γ 1 b = β γ and hence ψ * (r) = ψ(r) for all θ * . Next, observe that
It then follows from the above and the fact that Φ = Aψ ( Furthermore, from the definition of the covariance matrix V , and the above results, it can be established that V * 11 = V 11 , V * 12 = λV 12 , V * 21 = λV 21 , and V * 22 = λ 2 V 22 . Applying these results to the coefficients of the ARMA(2,1) representation in Proposition 2, as well as to the variances and autocovariances, establishes that all are equal when based on θ and θ * , with the exception of α * 12 = α 12 /λ and α * 23 = α 23 /λ. However, both of these coefficients multiply the initial value of the unobserved fundamentals process, f 0 , which is implicitly also scaled by λ, so that f * 0 = λf 0 . To see this, note that the differential equation for f (t), (4), when based on θ * , requires multiplying through by λ, resulting in df * (t) = γ 2 [f * (t) − b * s(t)]dt + σ * 2 dW 2 (t). Given that the discrete time ARMA(2,1) process for s t remains unchanged when evaluated at θ * as compared with θ, this implies that L(s, θ) = L(s, θ * ) for all s and λ, thereby establishing the claim in Proposition 3.
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